Introduction
Species-distribution databases provide for biogeographical research (Lubchenco et al. 1991; Blackmore & Cutler 1996; Systematics Agenda-2000 and can aid biodiversity conservation by helping to identify a taxon's species-rich hotspots ( Myers 1990) . Some authors claim, however, that unequal sampling effort is a complication plaguing many biodiversity studies ( Williams & Gaston 1994; Gaston 2000) . In fact, researchers should take into account the skewing of data due to variation in sampling intensity (generally, the greater the intensity, the higher the number of species recorded) when making use of species-richness maps derived from such databases (Prendergast et al. 1993) , planning additional sampling, determining the distribution of a particular species, or modeling species richness (Margules et al. 1987; Nicholls 1989; Walter 1990; Osborne & Tigar 1992; Buckland & Elston 1993; Austin et al. 1996; Heikkinen 1996; Skov & Borchsenius 1997) . Prendergast et al. (1993) developed a sampling-effort correction, based on the rarefaction method, to estimate the number of species in an area. Several methodological approximations estimate the "true" number of species in an assemblage through abundance or presenceabsence data (Colwell & Coddington 1995; Colwell 1997) . These statistical methodologies, however, can be applied only to high-quality data from well-known taxonomic groups and when unequal sampling effort can be corrected across the entire territory investigated. If the largest part of the territory is surveyed poorly, as often occurs in large Mediterranean (and tropical ) regions, and if taxonomic and/or faunistic knowledge of the majority of the biota (mostly insect groups) is not comprehensive, reliable alternative methodological approaches are needed.
In Mediterranean countries there is often little more than species descriptions, specimens, and a list of locations from which they have been collected. Therefore, a feasible spatial picture (mapping) of unequally surveyed areas is required to ascertain which faunistic surveys are good enough to produce reliable estimates of species richness. These inventories are needed to build models based on environmental variables to forecast species distribution for the whole territory investigated. The asymptotic relationship between the number of species added by increments of sampling effort can be used to ascertain well-surveyed areas (Soberón & Llorente 1993; Colwell & Coddington 1995; Fagan & Kareiva 1997) , and generalized linear models can be used to develop statistical models to extrapolate species richness for unsampled areas (Nicholls 1989) .
Dung beetles are a cornerstone of natural-grassland biomes in Mediterranean pasturelands maintained by traditional grazing coupled with low-intensity agriculture ( Martín-Piera & Lobo 1995) . They play a major ecological role in pastures and grassland biomes because they remove vertebrate feces (mainly domestic and wild ungulates), drain soils, and aide recycling of organic matter and nutrients. Consequently, pasture quality and productivity depends on the activity of these beetles ( Bornemissza & Williams 1970; Fincher 1981; Rougon et al. 1988 ) . They also effectively reduce the breeding sites of cattle pests, such as flies (e.g., Bornemissza 1970; MacQueen & Beirne 1975) and intestinal parasites ( Fincher 1975 ) . As for all orders of insects (Samways 1993 (Samways , 1994 Martín-Piera 1997) concern over dung-beetle conservation has been increasing in the last decade ( Klein 1989; Lumaret 1994; Martín-Piera & Lobo 1995; Barbero et al. 1999; Van Rensburg et al. 1999) . The massive extension of monocultures, disappearance of domestic livestock from highly mechanized agricultural landscapes (Barbero et al. 1999) , and antiparasitic treatments are all harmful to dung beetles ( Lumaret 1986; Lumaret et al. 1993 ) . Because any successful dung-beetle conservation program must be based on sound knowledge of its spatial-diversity patterns, quick and innovative efforts are required to correct the historical neglect of insect-species conservation in Mediterranean countries (Balleto & Casale 1991) in general and in Spain in particular.
We predicted the species-richness distribution of the dung beetle for the entire Iberian Peninsula. We selected species richness because it provides a reasonably useful measure of biodiversity which is frequently correlated with ecological, morphological, phylogenetic, and functional diversity (Gaston 1996 ) . As far as we know, data on dung beetles is exceptional among data derived from Iberian insect faunistic surveys in that an exhaustive database is available ( BANDASCA, Lobo & Martín-Piera 1991) . We analyzed the database to (1) delimit adequately sampled 50-km universal transversal mercator ( UTM ) grid squares, defined according to the asymptotic relationship between species richness and sampling effort; (2) forecast Iberian dung-beetle species richness according to a stepwise multiple-regression model with environmental predictor variables; and (3) map and describe the resulting species-richness distribution.
Methods

Origin of the Biological Information
The database of Iberian dung beetles (Coleoptera, Scarabaeinae), BANDASCA, includes biological and geographical information from museums and some private collections, theses, and published and unpublished data (see BANDASCA structure of Lobo & Martín-Piera 1991) . This database has 15,740 records and 101,996 individuals of the 53 Iberian dung-beetle species (Martín-Piera 2000) . We defined a database record as a pool of individuals of a single species with identical database field values: locality ( UTM coordinates), elevation, date of capture (day/month/year), type of habitat, food resource, and others. Thus, any difference in any database field value gave rise to a new database record, regardless of the number of individuals. Because biological information comes from sources with heterogeneous sampling methodologies, we chose the number of database records in each 50-km UTM grid square as a surrogate of the sampling effort in it, assuming that the probability of species occurrence correlates positively with the number of database records. We examined the number of species and records from 255 UTM 50 ϫ 50 km grid squares (briefly, squares) (Fig. 1) , having added the records and species list from those squares more than 85% covered by water to the nearest and most environmentally similar neighbor.
Delimitation of Iberian Physioclimatic Subregions
We analyzed the species-effort relationship using the values of species number (response variable) and database records ( predictor variable) in all the squares. Because the number of species per square depends on environmental conditions, the main physioclimatic subregions of the Iberian Peninsula were previously defined according to the values of eight variables in each square: annual mean temperature, annual temperature variation, annual days of sun, total annual precipitation, total summer precipitation, annual precipitation variation, mean elevation, and elevational range. After standardization of all variables, we used cluster analysis to classify the squares, with Ward's method as the linkage rule. The squared Euclidean distance was chosen as the measure of similarity between squares to place progressively greater weight on grid squares that were farther apart. Using the groups of squares previously defined by cluster analysis, we performed a discriminant-function analysis to verify to which group a particular square belonged. Misclassified squares were reclassified according to the classification functions.
Definition of Adequately Sampled Grid Squares
The adequacy of sampling in each square was determined by a negative exponential function relating the number of species ( S r ) to the number of database records ( r ). According to Soberón and Llorente (1993) and Colwell and Coddington (1995) , this relationship is given by (1) where S max , the asymptote, is the estimated total number of species per square and b is a fitted constant that controls the shape of the curve. The curvilinear function was fitted by the quasi-Newton method. Because 100% richness requires an infinite number of database records, we calculated the number of records required for a rate of species increment of Յ 0.001 (i.e., one added species for each 1000 records; r 0.001 ). According to Soberón and Llorente (1993) , (2) We also calculated the number of records required to obtain species-increment rates of 0.005, one added species for every 200 records ( r 0.005 ), and 0.01 added species for every 100 records ( r 0.01 ). Of the 255 Iberian squares, 82 fell into the three categories and were considered adequately sampled.
Choice of Explanatory Variables
For the adequately sampled squares, we recorded 24 continuous variables: two spatial variables (central latitude and central longitude); two geographic variables (distance from Pyrenees and terrestrial area); three topographic variables (minimum, maximum, and mean elevation); two geological variables (calcareous and acid rock surface); six climatic variables (minimum and maximum monthly mean temperature, annual mean temperature, total annual and summer precipitation, and annual days of sun); four land-use variables (cultivated plus urban area, forest, scrub, and grassland area); and five variables that measured environmental diversity (elevational range, annual temperature and precipitation variation, land use, and geological diversity).
The topographic, climatic, and environmental diversity variables were chosen because elevation and productivity-and heterogeneity-related variables influence variation in number of species (e.g., Begon et al. 1990; Huston 1994; Gaston & Williams 1996; Wohlgemuth 1998) . Land-use and geologic variables were chosen because the number of dung-beetle species is affected strongly by vegetation cover (Lumaret 1983; Lumaret & Kirk 1991) http://www.pik-potsdam.de/ ‫ف‬ cramer/climate.htm). Annual temperature and precipitation variation are the difference between the most extreme monthly scores. We selected the topographic and spatial data by overlaying a geographic information system (GIS: Idrisi 2.0; Clark Labs 1998) digital-elevation model of the Iberian Peninsula (grid square size of 1 km) with the polygons of squares. Land-use data, provided by the European Environment Agency, were extracted from the raster information (282-m resolution) on the 44 land-cover categories in Spain and Portugal (Corine Programme 1985-1990) . This information was also overlaid with 50-km UTM polygons through the GIS. The different land-cover categories were grouped to obtain forest area (all types of forests), scrub and grassland surface area (either natural or artificial), and the surface of areas with strong anthropic influence (urban, industrial, and cultivation zones). We obtained geological data by digitizing, from an Iberian map (Instituto Geográfico Nacional 1995), soils on calcareous rocks, soils on acid rocks (siliceous), and soils on clay (spatial resolution of 1 km). Calcareous and acid rock surface in each grid square were estimated by overlaying the 50-km UTM polygons on this map by means of the GIS. We estimated land use and geological diversity in each grid square using the Shannon diversity index (Magurran 1988) : (3) where p i is the relative frequency of each of the 44 landcover i categories and of each geological i category, respectively.
Search for the Best Forecasting Model
We used generalized linear models (GLM; McCullagh & Nelder 1989 ) to summarize the relationship between the number of dung-beetle species and explanatory variables to obtain an appropriate forecasting model (e.g., Nicholls 1989; Austin et al. 1990 Austin et al. , 1996 Heikkinen & Neuvonen 1997 ) . A GLM can be used with a range of non-normal distributions for the random component and to relax the constraint imposed by a linear relation between the dependent and independent variables. We assumed a Poisson error distribution for the number of dung-beetle species, related to the set of predictor variables via a logarithmic link function (Crawley 1993) .
In the first step, the total number of scarabaeine in the adequately sampled squares was related separately, one by one with each environmental variable. Because the relationship between species richness and environmental variables is often curvilinear (Austin 1980) , we selected either a linear, quadratic, or cubic function of each environmental variable by comparing their reduction in deviance with that of a full model in which the number of parameters is equal to the total number of observations (Dobson 1999) . The goodness-of-fit of the
competing functions was measured by the deviance statistic and the change in deviance was tested by the F -ratio test ( McCullagh & Nelder 1989; Dobson 1999 ) with a 5% significance level. The percentage of explained deviance was also calculated for each model ( Dobson 1999) .
We used a forward stepwise procedure to enter the variables into the model ( Nicholls 1989; Austin et al. 1996; Heikkinen & Neuvonen 1997 ) . First, the linear, quadratic, or cubic function of the variable that accounts for the most important change in deviance was selected for inclusion. Next, all remaining variables were tested for significance by adding them sequentially one by one, and the procedure was repeated iteratively until no more explanatory statistically significant variables remained ( p Յ 0.05 ). After each step of forward inclusion, the significance of the terms previously selected was also tested by submitting the new model to a backward-selection procedure to exclude those terms that had become nonsignificant.
Environmental heterogeneity variables have an important influence on variation in species' spatial diversity ( Begon et al. 1990 ), but they probably are a combination of other more causal and primary environmental variables. Hence, primary environmental variables, which probably more directly influence physiological mechanisms, were included before environmental diversity variables were added to the model (Austin 1980) . Margules et al. (1987) demonstrated that interactions between variables are often more predictive than the same variables separately. Therefore, after checking which environmental variables should be included, we tested the significance of the interaction between the 24 spatial and environmental variables (278 interaction terms). All interaction terms were sequentially added one by one to the model. The interaction term that accounted for the most important change in deviance was selected for inclusion, and the procedure was repeated iteratively until no more significant interaction terms remained.
Finally, the spatial variables, which can incorporate the effects of otherwise ignored historical, biotic, or environmental variables ( Legendre & Legendre 1998 ) , were included in the model. To ensure that not only linear spatial patterns in the species-richness data were recovered, but also more complex spatial structures, the third-degree polynomial of the central latitude ( LAT ) and longitude (LON) of each square were used as independent variables (trend surface analysis; see Legendre 1993) :
A backward stepwise regression with the nine terms of the equation as predictor variables and the number of dung-beetle species as dependent variable was carried out to remove the non-significant spatial terms (Legendre & Legendre 1998 ). Latitude and longi-tude were centered on their respective means prior to the backward selection procedure. Significant spatial terms ( p Յ 0.05) contributing to a significant change in deviance were included in the model with environmental and interaction terms.
Environmental variables were standardized to eliminate the effect of differences in measurement scale. All statistical computations have been made with the STA-TISTICA package (StatSoft 1999).
Collinearity, Nonlinear Relationships, and Autocorrelation
When species-richness patterns are modeled, it is necessary to account for the co-variance between explanatory variables, their possibly nonlinear relationship with the dependent variable, and the spatial autocorrelation of variables (Margules et al. 1987; Austin et al. 1996; Gaston 1996; Gaston & Williams 1996) . If the goal is to forecast a response variable, collinearity in explanatory variables is not a concern in maximizing the predictive power of the function (Legendre & Legendre 1998) . Nonlinearity is incorporated in the model by the use of quadratic and cubic functions of explanatory variables ( Margules et al. 1987; Austin et al. 1996; Heikkinen & Neuvonen 1997) .
The autocorrelation of variables implies that observations at any given locality are influenced by the values of neighboring localities. Because on a geographical scale most environmental variables are autocorrelated, assessing the relationships between variables is complicated by the ineffectiveness of classical statistical tools (Legendre & Legendre 1998) . When a variable is spatially autocorrelated, its broad-scale spatial structure can be removed. If it is, however, the effect of those spatially structured factors that determine species richness are reduced, thus reducing the forecasting ability of the model. So autocorrelated data, an important source of information, must be taken into account as such to improve the predictive power of models (Smith 1994; Legendre & Legendre 1998) . When autocorrelated variables are used, the spatial independence of errors is critical, meaning that residuals should not be spatially autocorrelated (Cliff & Ord 1981; Odland 1988) . Indeed, we calculated the autocorrelation for the final model residuals (assuming independence) with Moran's I spatial autocorrelation statistic, choosing a lag distance of 50 km (Cliff & Ord 1981; Sawada 1999 ). Moran's I test was checked for significance with the Bonferroni-corrected significance level. Spatial autocorrelation in the residuals usually indicates that the model must be enlarged to incorporate spatially structured variables not otherwise accounted for (Cliff & Ord 1981; Odland 1988) . Hence, addition of complex spatial terms (the third-degree polynomial of latitude and longitude) to the model of environmental variables and interaction terms can be expected to account for those otherwise ignored spatially structured variables.
Residuals and Model Validation
We determined the adequacy of the final model by identifying outliers that disproportionately influenced the fit of the model, examining standard errors of coefficients, plotting residuals against fitted values, and plotting residuals in a normal probability plot (Nicholls 1989; Dobson 1999 ) . Using all adequately sampled squares (n ϭ 82 ), we found a preliminary model in which eight squares had positive standard residuals higher than ϩ1.5 (fitted values lower than observed ) and six squares had negative standard residuals lower than Ϫ1.5 (fitted values greater than observed ). Inspection of these 14 outliers showed that 7 were environmental and biological singular points lying outside the domain of the remaining squares (Nicholls 1989) . The remaining 7 were located in the most extensively surveyed regions near Barcelona and Madrid (numbers 102, 111, 127, and 128 in Fig. 1 ) and in the Balearic Islands (151, 168, and 186). Historical oversampling for the positive residuals and insularity for the negative residuals explains these outliers. To build the final model, therefore, these 7 outliers were removed (n ϭ 75).
To validate the final model, we applied a jackknife procedure. With a data set of 75 squares, we recalculated the model 75 times, leaving out one square in turn. Each one of the regression models based on the n Ϫ 1 grid squares was then applied to that excluded square in order to produce a predicted species-richness score for each one of the squares. We checked the predictive power of the model by examining the correlation between the recorded and the jackknife-predicted species richness and by estimating the percent error for each observation:
where E i is the predictive error for observation i; y i is the observed species richness; and the predicted value for y i when this i observation is excluded. The mean of the 75 estimates of error provides a measure of the prediction error associated with the model and data used (Pascual & Iribarne 1993) .
Results
Delimitation of Physioclimatic Subregions
Cluster analysis delimited six principal subregions in the Iberian Peninsula ( Fig. 2 ) that were significantly different in their climate and topographic variables and in their spatial location. Results of one-way analysis of variance showed that all the variables significantly differed between groups, and post-hoc mean comparisons by Tukey test produced many significant differences between pairwise subregions ( Table 1 ). The discriminant analysis showed that 96% of squares were well classified in the groups defined by the cluster analysis. The remaining 4% (10 squares) were assigned to the corresponding group according to classification functions. The number of squares that pertain to each physiocli- Table 2 . Number of 50 ؋ 50 km UTM grid squares belonging to each Iberian subregion (Fig. 2) Table 2 ). With these data, the mean number of species per square differed significantly only between the Eurosiberian and the Montane subregions ( post-hoc Tukey test; F( 6,248 ) ϭ 2.81; p ϭ 0.01).
Relationship between Sampling Effort and Species Richness
The number of species and the number of database records differed greatly among the Iberian squares (Fig.  1b & 1c) , but both values were spatially correlated (Spearman rank coefficient r s ϭ 0.934; n ϭ 255; p Յ 0.0001 ) (i.e., the richest squares were the most surveyed).
The adequately sampled squares were mapped for each subregion (Fig. 1a) according to the species increment rates (r 0.001 , r 0.005 , and r 0.01 ) ( Table 3) . In all cases the percentage of explained variance of the regression (R 2 ) was high (between 69.7% and 90.4%). Hence, in total, 32.2% of Iberian squares were well inventoried (82 squares). The percentage of these squares differed moderately between subregions (between 22.9% and 45.9%), but a sufficient fraction of each subregion was sampled adequately (Table 3) .
Forecasting Iberian Species Richness
Eight environmental variables were significant when tested separately as either linear, quadratic, or cubic functions ( Table 4 ) : the distance from the Pyrenees; minimum, maximum, and annual mean temperature; total annual precipitation; annual days of sun; grassland area; and land-use diversity. Only the linear term of annual days of sun (18.2% ) and the quadratic function of minimum mean temperature (12.9% ) explained more than 10% of the total deviance. With regard to the spatial variables, the backward stepwise regression of the thirddegree polynomial terms of latitude and longitude selected the quadratic and cubic terms of latitude (Table 4) .
Because the linear function of annual days of sun accounted for the most important change in deviance (18.1), this variable was the first one included in the model (Table 5 ). In the second step, the linear function of maximum elevation was selected. Next, the quadratic function of grassland area was selected, although only the quadratic term accounted for a significant change in deviance. None of the remaining primary variables were significant.
After the significant primary environmental variables were fit, the cubic function of land-use diversity was the only environmental diversity variable added to the model, although the quadratic term was deleted from the model ( Table 5 ). Subsequently, the importance of interaction terms added one by one was tested. The interaction between forest area and geologic diversity accounted for the most significant change in deviance. Terrestrial area in grid square ϫ maximum elevation, latitude ϫ annual precipitation variation, and calcareous rocks ϫ geologic diversity are the other significant interaction terms that enter in the model, but their inclusion removed the cubic term of land-use diversity (Table 5) .
Finally, significant spatial terms-the quadratic and cubic terms of latitude-were added to the previous model, increasing the percentage of explained deviance by 2.3%, although the linear term of annual days of sun and the interaction between latitude and annual precipitation variation were removed during the selection procedure. Table 3 . Asymptotic relationship between species richness and sampling effort (S r ϭ S max [1 Ϫ exp(Ϫbr)]) for the six physioclimatic subregions of the Iberian Peninsula (Fig. 2) The final model was (5) where S is total number of dung beetles, c is the intercept, E is maximum elevation, G is grassland area, LUD is land-use diversity, F is forest area, GD is geological diversity, A is terrestrial area in the grid square, and Cr is calcareous rocks. This model explains 62.41% of the total deviance (Table 5) .
Examination of residuals did not show special aberrant features. Residuals were normally distributed, the plot of residuals versus predicted values formed a homogeneous cloud around the center, and the standard errors of the coefficients were low ( Table 5 ) . Residuals were not spatially autocorrelated either. None of Moran's I values in the different lag classes were significant at a 0.05 level with the Bonferroni correction. However, plotting predicted versus observed values showed that the model tends to overestimate the num- Table 4 . Environmental explanatory variables considered in the 75 adequately sampled 50 ؋ 50 km UTM grid squares of the Iberian peninsula (Fig. 1) . ber of species for low species-richness squares and to underestimate it for high species-richness ones. This drawback of the model remained even when we eliminated all observations that could potentially be considered outliers. The results of a jackknife test on the final model showed strong correspondences between observed species-richness scores and those predicted by the jackknife procedure for the 75 squares ( Fig. 3 ) . The correlation between observed and predicted values was positive and significant ( Pearson correlation coefficient: r ϭ 0.689, p ϭ 0.0008. Spearman rank correlation: r s ϭ 0.688; p Ͻ 0.0001). The mean jackknife predictive error of observations was 15.9%, with a 95% confidence interval between 13.2% and 18.7%. These results suggest that the predictive model was reasonably good in spite of its tendency to reduce the difference between the lowest and highest species-richness scores. 
Iberian Distribution of Dung-Beetle Richness
When the final model was applied to the entire Iberian territory, the geographic distribution of species richness was forecasted ( Fig. 4a ) . Species-richness hotspots of Iberian dung beetles were concentrated mainly in Mediterranean mountain regions, particularly in the Iberian Central System, the Baetic and Subbaetic mountain ranges, and the Iberian Cordillera ( Fig. 4b & 4c) . Few Pyrenees Mountain squares were predicted to be rich in dung-beetle species. The Iberian Central System hotspot extended to the southern slopes of the Galaico-Duriense massif in the northern half of the Portuguese Atlantic region, and the species richness of a few squares of the North and South Plateau of Central Spain was also high. Baetic and Subbaetic hotspots also extended westward to the Ibero-Atlantic southern corner. Shadow zones of species richness ( North Ibero-Atlantic regions, North Plateau, the Ebro Valley, and the South Plateau) extended broadly eastward ( Spanish Mediterranean Levante) and southwestward ( Tajo Valley and southern Portugal) (Fig. 4) . The species richness of the physioclimatic subregions can be compared by taking into account the asymptotic value of the number of species as a function of the number of database records per square (S max in Table 3 ). This comparison confirmed the general pattern of dung-beetle species-richness distribution predicted by the model. Eurosiberian and eastern Mediterranean subregions appeared the poorest (19 and 20 species per square, respectively), whereas 27 and 26 species per square occurred in the Montane and West Mediterranean subregions respectively, and 22 species occurred per square in North and South Plateau subregions.
Discussion
It is no longer a matter for discussion that decisions on the conservation of areas should be based on large, highquality data sets. Nevertheless, except for some groups of vertebrates-mainly mammals and birds, higher plants, and a few groups of invertebrates (tiger beetles, butterflies) inhabiting temperate, adequately sampled areas-little accurate geographic information is available ( Williams & Gaston 1994 ) . It is known that biogeographic diversity patterns for the majority of the insect groups reflect the distribution of the areas investigated by entomologists ( Dennis & Hardy 1999 ) and in Spain and Portugal the geographic distribution of the entomologists themselves, rather than the geographic distribution of organisms (Martín & Gurrea 1999) . Some insights into the growth and evolution of entomological faunistic knowledge of the Iberian Peninsula emerge from a comparison of Figs. 1b and 4. Although the most intensely sampled areas would not necessarily have to be the richest, our results confirm that Iberian dung-beetle species-richness predictions do not differ greatly from the observed geographic pattern ( Pearson correlation coefficient: r ϭ 0.389; n ϭ 251; p ϭ 0.001; Spearman rank correlation coefficient: r s ϭ 0.302; n ϭ 251; p Յ 0.0001). This pattern suggests that entomologists have focused historically on those regions known to be richest, ignoring "poor" regions, and that positive feedback occurred at the beginning of inventorying species: most intensely sampled areas were those reputed to have more species, so more species tended to be recorded there. Model results did not correlate with observations in supposedly poor regions, where entomologist's intuition failed and sampling was not done. For example, there was a striking difference between observed and predicted species richness in the Iberian Cordillera (Fig. 4) . Therefore, in poorly sampled areas the central question is how species-rich the supposedly poor regions are.
For the species-rich and poorly inventoried Mediterranean regions, much sampling must still be done to describe within a reasonable time the spatial distribution of insects, even if we are dealing with supposedly wellknown groups such as dung-feeding beetles. This colossal task appears impractical ( May 1990; Ehrlich 1992; Williams & Humphries 1996) because it is slow and expensive, and the financial support for taxonomic resources is continually declining (Cotterill 1995; Systematics Agenda-2000 Blackmore & Cutler 1996; Martín-Piera 1997) . The examination of an ex novo comprehensive biological database for Iberian dung beetles on a broad spatial scale (square ϭ 2500 km 2 ) indicates that no more than 32% of the Iberian territory has been sampled adequately, and only 12% has a rate of species increment of fewer than one species per 1000 records ( Table 3a) . The situation is similar for French dung beetles, for which 21.4% of squares are well sampled (Lobo et al. 1997) .
Sampling-effort bias has to be reduced to manageable proportions (Williams & Gaston 1994; Gaston 1996) to avoid erroneous predictions of hotspot richness and recommendations for conservation. But the species-number distribution of Iberian dung beetles ( last species described in 1979) cannot be corrected for unequal sampling effort because of the lack of reliable biological information (many squares with zero or few records). To address this issue we propose building comprehensive databases of bibliographic, museum, and field data (e.g., Harding & Sheail 1992) and using forecasting models to obtain testable geographic patterns of biodiversity-related variables such as species richness. The number of database records, bringing together all the available taxonomic, ecological, and distributional specimen information, can be used as a sampling-effort surrogate to plan future sampling of inadequately or unexplored areas and, most important, to ascertain adequately inventoried regions. A model to forecast species-richness dis- (Fig. 1) tribution, after delimiting the adequately sampled squares, would more rapidly produce an estimate of the spatial distribution of species richness within a reasonable time and could be validated and improved continually by adding new empirical data.
Because conservationists must quickly and cheaply identify areas of greatest diversity, it is more reasonable to design easy-to-use predictive models based on environmental variables. Several methodologies can be used to predict the geographic distribution of biodiversity (e.g., Nicholls 1989; Osborne & Tigar 1992; Huntley et al. 1995; Skov & Borchsenius 1997; Iverson & Prasad 1998; Wohlgemuth 1998) . We used generalized linear models to estimate dung-beetle species-richness distribution patterns, including interaction terms (Margules et al. 1987 ) and significant spatial terms from a third-degree latitude and longitude polynomial. Although spatial terms are commonly omitted in the building of predictive models, we suggest adding them after contribution of the environmental variables and interaction terms, because they minimize residual autocorrelation, improving the predictive power of the model by including the influence of otherwise ignored spatially structured variables (Legendre & Legendre 1998) .
The results of the regression-diagnostic methods and the lack of autocorrelation in the residual scores suggest that the assumptions of the model are reasonable and that no environmentally important variables were ignored. The main drawback of the model is its tendency to overestimate species richness in low-diversity squares and to underestimate it in high-diversity ones. This weakness, however, does not essentially modify the predictive species-richness map because the areas detected as coldspots are probably still poorest, whereas those detected as hotspots are still richest, thus providing a piece of evidence that more refined versions must be investigated.
To produce an accurate map of the probable geographic distribution of Iberian dung-beetle species richness, it is necessary to surpass several limitations, the main one being improvement of the accuracy of the dependent variable, which might require additional faunistic data. To achieve this goal, it is necessary to (1) increase the adequately sampled squares, thus enlarging the number of cases used in elaboration of the model; (2) improve the reliability of the procedure to select well-sampled squares; and (3) possess a more even spread of observations across the entire geographical range and in the full multivariate range of the environmental space. Moreover, if we aim to build new models based on smaller square size and to increase the organism's sensitivity to registered environmental variables, a still greater sampling effort will be required. The predictive utility of a model is constrained by limitations of the data on which the parameters have been estimated (Nicholls 1989) . Indeed, our model appears credible with the available species-richness data and the set of 24 explanatory variables we considered.
The predicted hotspots, the Iberian Central System and Baetic and Subbaetic mountain ranges, are environmentally heterogeneous and located in the Iberian Mediterranean region (Fig. 4 ). An ecologically heterogeneous faunistic pool of Iberian dung-beetle species of different phylogenetic lineages exists in river basins of middle and high mountains in these hotspots (Martín-Piera et al. 1992; Martín-Piera 2000) . Hence, more detailed research on the wellsprings of Iberian biodiversity are needed to discriminate among the contributions of environmental, geographic, and historical variables. The question of faunistic complementarity in the species richness of the two main hotspots of Iberian dung beetles, important for conservation policy, remains to be addressed. Biodiversity variables such as phylogenetic composition, rarity, and endemism also need to be addressed for use in reserve selection (Reyers et al. 2000) .
